Forests have a key role in global ecosystems, hosting much of the world's terrestrial biodiversity and acting as a net sink for atmospheric carbon 1 . These and other ecosystem services that are provided by forests may be sensitive to climate change as well as climate variability on shorter time scales (for example, annual to decadal) [2][3][4] . Previous studies have documented responses of forest ecosystems to climate change and climate variability [2][3][4] , including drought-induced increases in tree mortality rates 5 . However, relationships between forest biomass, tree species composition and climate variability have not been quantified across a large region using systematically sampled data. Here we use systematic forest inventories from the 1980s and 2000s across the eastern USA to show that forest biomass responds to decadal-scale changes in water deficit, and that this biomass response is amplified by concurrent changes in community-mean drought tolerance, a functionally important aspect of tree species composition. The amplification of the direct effects of water stress on biomass occurs because water stress tends to induce a shift in tree species composition towards species that are more tolerant to drought but are slower growing. These results demonstrate concurrent changes in forest species composition and biomass carbon storage across a large, systematically sampled region, and highlight the potential for climate-induced changes in forest ecosystems across the world, resulting from both direct effects of climate on forest biomass and indirect effects mediated by shifts in species composition.
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How forests respond to climate variability has important implications for their future provisioning of ecosystem services, including carbon storage, timber, wildlife habitats and regulation of the hydrological cycle 1,2 . Long-term demographic and geographic responses of tree species to climate change have been documented 6, 7 , and numerous studies have reported the effects of drought and other extreme events on tree growth and mortality [2] [3] [4] [5] . However, we have limited understanding of how the functional composition of tree communities responds to climate variability. It is not known how fast functional shifts occur; for example, whether one or two decades of relatively dry or wet conditions are sufficient to shift tree communities towards more or less droughttolerant species. It is also unclear how such shifts affect the response of forest biomass (a key component of terrestrial carbon storage) to climate variability; that is, whether functional shifts moderate drought-induced biomass loss (as suggested by ecosystem model projections that demonstrate how such shifts can increase forest resilience to climate change 8 ) or whether functional shifts amplify droughtinduced biomass loss (for example, if competition under water-limited conditions drives plants to invest more in roots than is optimal for biomass production 9 ). The eastern USA has experienced substantial climate variability over recent decades, with some areas becoming wetter and others drier 10 ( Fig. 1a and Extended Data Fig. 1a-d ). This variabilitycombined with systematically sampled Forest Inventory and Analysis 11 (FIA) data spanning millions of individual-tree records over several decades-provides a valuable opportunity to quantify climate-induced changes in forest biomass and species composition. Forests of the eastern USA are influenced by various factors, including regrowth and successional dynamics after agricultural abandonment and logging 12 , fire suppression 13 , introduced pathogens and insects 14 , increases in deer (Odocoileus virginianus) populations 15 and natural disturbances 16 . Despite the importance of these non-climatic factors, correlations between precipitation change and recent shifts in the abundances and geographic ranges of tree species 17 suggest that climate variability has a tangible effect on forest dynamics in the eastern USA, as observed elsewhere 18 . However, there is limited understanding of how shifts in forest functional composition affect the response of ecosystem properties, such as forest biomass, to climate variability.
To gain insights into how functional shifts affect the responses of ecosystems to climate variability, we quantified relationships among tree functional composition, forest biomass and water availability. We used the Palmer drought severity index (PDSI, an index of soil moisture based on the balance between precipitation and modelled evapotranspiration and run-off 19 ) to quantify changes in mean growing season water availability (ΔPDSI) from the 1980s to 2000s in 1° latitude × 1° longitude grid cells (Fig. 1a) . A one-unit decrease in growing-season PDSI is equivalent, on average, to a 23% reduction in growing-season precipitation in the eastern USA (Extended Data Fig. 1i-k) . To quantify changes in community-mean drought tolerance (ΔDT, a functional component of tree species composition) and above-ground biomass (ΔAGB; Fig. 1 and Extended Data Figs 2, 3), we used FIA data while controlling for changes in forest stand age due to recovery from previous disturbance. Specifically, ΔDT and ΔAGB were calculated for each grid cell by comparing inventory plots in a given age class in the 1980s to plots in the same age class in the 2000s. ΔDT was calculated by combining FIA data in each decade, grid cell and age class with a species-specific drought-tolerance ranking (DT 20 ; Supplementary Methods 1), which increases from 1 (very intolerant) to 5 (very tolerant); therefore, ΔDT > 0 indicates a shift in tree species composition towards a more drought-tolerant community (see examples in Supplementary Methods 2). Although the DT scale is arbitrary, such rankings are widely used by plant ecologists and foresters 10, 17, 21 , and modifying the scale would not qualitatively affect our results (Supplementary Methods 1). DT has been estimated for most of the common tree species in the eastern USA 20 , enabling a systematic, community-level analysis of around 3,000,000 individual-tree records from around 100,000 FIA plot inventories (Extended Data Fig. 4a) .
Relationships among ΔDT, ΔAGB and ΔPDSI were statistically significant (P ≤ 0.05) in most of the 15 cases (3 pairwise correlations × 5 age classes). Specifically, from the 1980s to the 2000s, community-mean drought tolerance tended to increase with increasing water stress (negative correlation between ΔDT and ΔPDSI; Fig. 2a) , biomass tended to increase with water availability (positive correlation between ΔAGB and ΔPDSI; Fig. 2b ) and biomass tended to decrease with increasing community-mean drought tolerance (negative correlation between ΔAGB and ΔDT; Fig. 2c ). These correlations suggest that there are concerted changes in forest functional composition and biomass in response to changes in water availability.
To determine whether the above correlations ( Fig. 2) were robust, we performed additional analyses to quantify relationships among ΔDT, ΔAGB and ΔPDSI while controlling for changes in forest stand age and other potentially confounding variables (length of growing season, community-mean shade tolerance, tree harvesting, and/or spatial autocorrelation that may arise from factors not included in our statistical models; Extended Data Figs 5, 6 and Supplementary Methods 3). We used three statistical methods (spatial autoregressive models, structural equation modelling and independent effects analysis), all of which yielded consistent results (compare Extended Data Figs 4, 6 and 7) and demonstrate that the correlations (Fig. 2) are qualitatively robust. The analyses also revealed variation among forest age classes in terms of the relative importance of different variables affecting ΔDT and ΔAGB (Extended Data Fig. 7) , highlighting the need to study forest dynamics across successional stages and across life stages (for example, seedlings versus adults). However, in all age classes, ΔDT had a strong negative correlation with changes in community-mean shade tolerance (ΔST; Extended Data Fig. 7d ), as expected from the interspecific tradeoff between tolerances to shade and drought 20 . Shifts in ST within forest age classes may reflect changing disturbance regimes 13 or may be simply a consequence of PDSI-induced changes in DT. Although our methods cannot determine whether changes in ST are a cause or a consequence of changes in DT, our analyses demonstrate significant relationships among ΔDT, ΔAGB and ΔPDSI that are independent of ΔST and other potentially confounding variables. These results are further corroborated by a stand-level analysis that tracks the dynamics of individual FIA plots that have been measured and remeasured since the 1990s (Supplementary Methods 4) . This stand-level analysis shows that the qualitative patterns that emerge at the 1° grid-cell scale over two decades are also detectable at the stand level over shorter time periods (five-year mean remeasurement interval; Extended Data Fig. 4d, e) .
The effects of PDSI on AGB in some grid cells were of a similar magnitude to the effects of other important global change drivers on AGB. For example, compared to the case in which there is no change in PDSI, a decrease of two PDSI units (which was exceeded in 11% of grid cells; Extended Data Fig. 1c, d ) would cause a reduction in AGB of 8.6-14.3 Mg ha -1 over two decades (based on the slopes in Fig. 2b ), or 7-19% of the mean AGB in different forest age classes (Extended Data , for the 1990-1999 and 2000-2007 periods, respectively), which reflects the combined effects of several drivers (for example, forest regrowth, nitrogen deposition and CO 2 fertilization). Our analyses suggest that in the absence of climate variability, the eastern-USA carbon sink would have been even stronger over recent decades, because the mean ΔPDSI across the eastern USA was −0.61 (Extended Data Fig. 1d ), which suggests a weakening of the eastern-USA forest carbon sink by approximately 0.07-0.11 Mg C ha −1 yr −1 . The response of AGB to PDSI includes not only direct effects of ΔPDSI (that is, changes in AGB that would occur in the absence of changes in community-mean drought tolerance, DT), but also indirect effects of ΔPDSI (that is, changes in AGB caused by PDSI-induced changes in DT; Extended Data Fig. 8a, b) . Our analysis reveals that direct and indirect effects both work in the same direction, which means that changes in species composition (indirect effects) amplify the response of AGB to PDSI (Fig. 3) . Indirect effects accounted for roughly 20-30% of the total response of ΔAGB to ΔPDSI in 40-to 100-year-old forests, significantly amplifying AGB responses in these age classes (Extended Data Fig. 8c, d ).
The amplification of the biomass response to climate variability ( Fig. 3 ) is probably driven by competitive shifts in the traits of the dominant tree species. For example, as water availability declines, competition may favour tree species that allocate more carbon to fine roots and less to leaves and wood than is optimal for biomass production 9 . This shift in allocation amplifies the response of the ecosystem to decreasing water availability, because the most competitive species under dry conditions have lower biomass than other species that could have persisted were they not outcompeted.
Shifts in community composition towards more-or less-droughttolerant species may be caused by changes in relative species rankings in one or more demographic parameters (mortality, growth and recruitment), and are not necessarily caused by die-offs due to physiological stress. We decomposed stand-level ΔDT into different components using data from remeasured inventory plots (Supplementary Methods 4, 5). Mortality, growth and recruitment all contributed substantially to ΔDT (Fig. 4a) , with the vast majority of ΔDT accounted for by shifts in the abundance of species present at both measurement times (as opposed to species additions or losses; Fig. 4b ). Mortality and species loss were most important in old stands, and recruitment and species additions were most important in young stands (Fig. 4) . These age-dependent trends probably reflect the larger size but lower density of trees in older forests; for example, the death of a single large tree can substantially affect DT (a size-weighted community average), whereas juvenile recruitment would have little immediate effect on DT in a mature forest.
Consistent with the importance of abundance shifts at the standlevel, grid-cell-scale relationships among ΔDT, ΔAGB and ΔPDSI reflect the collective responses of many species, without major changes in regional species diversity. Analysis of the influence of individual species on the changes in community-level DT and AGB revealed no systematic differences between angiosperms and gymnosperms (Extended Data Tables 6-20) . Some of these species-level changes were inconsistent with the overall community-level ΔDT and ΔAGB responses, and may reflect longterm changes in disturbance regimes rather than climate responses 13 . For example, increases in abundance of two widespread maple species, Acer rubrum and Acer saccharum, are probably due to fire suppression and the resulting mesophication of eastern USA forests 13 , rather than a response to ΔPDSI. Thus, our study does not indicate that climate-driven functional shifts are the primary mode of change in eastern USA forests. Nevertheless, our results support recent evidence that climate-induced shifts in species abundances and geographic ranges have occurred over recent decades in the eastern USA 17 , and here we demonstrate for the first time that these shifts have important consequences at the ecosystem level.
The response of eastern USA forests to climate variability, evident from shifts in both forest biomass and species composition, is of global importance for several reasons. First, these shifts-quantified from systematic, regional-scale forest inventories-suggest that even greater changes may be underway in other regions where recent drought and climate change have been more severe than in the eastern USA; for example, in Amazonia and western North America, where droughtinduced increases in tree mortality have already been reported 4, 24, 25 . Second, projected increases in the frequency and severity of extreme weather events in many regions of the world 26 -combined with the sensitivity of forest biomass and species composition to climate variability documented here and elsewhere 27 -suggests potential changes in global forests over the next century that are both ecologically and economically important. Finally, amplification of the biomass-climate response due to shifts in species composition (temporal beta diversity 28 ) contrasts with evidence that local (alpha) diversity increases ecosystem stability 29 , including increased resistance to climate extremes 30 . These contrasting effects of alpha and beta diversity highlight the need to better understand how different components of biodiversity, including changes in species composition, affect ecosystem functioning at different spatial and temporal scales.
Online Content Methods, along with any additional Extended Data display items and Source Data, are available in the online version of the paper; references unique to these sections appear only in the online paper. Supplementary Information is available in the online version of the paper.
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MethOdS
Overview. We used simple correlations and several multivariate methods to quantify relationships among changes in community mean drought-tolerance (ΔDT), above-ground forest biomass (ΔAGB) and growing-season water availability (ΔPDSI) in the contiguous USA east of 95° longitude. Most analyses were executed at the 1° latitude × 1° longitude grid-cell scale and controlled for changes in stand age by comparing forest inventory plots in the 1980s to plots in the same grid cell and age class in the 2000s. The following sections describe these grid-level analyses. Stand-level analyses that tracked the dynamics of remeasured inventory plots are described in Supplementary Methods 4, 5. In addition to controlling for changes in stand age, our multivariate analyses also controlled for changes in community-mean shade-tolerance (ΔST, which could be confounded with ΔDT owing to the negative correlation between shade-and drought-tolerance
20
) and growing-season length (ΔGSL, which could be confounded with ΔPDSI, since both depend on temperature). We further controlled for potentially confounding effects of unmeasured, spatially structured variables using simultaneous autoregressive (SAR) models 31, 32 . To evaluate the robustness of the SAR model results, we used two additional multivariate methods: structural equation modelling 33 (SEM) and independent effects analysis 34 (IEA). Quantifying decadal climate variability. We used the change in the PDSI during the growing season from the 1980s to 2000s to quantify decadal climate variability. The growing season was defined as the period in a given year between the last frost (minimum daily temperature below 0 °C) in the spring and the first frost in the fall. We identified the growing season in each grid cell each year using temperature information in the 1° spatial, three-hourly, global climate reanalysis dataset (http://hydrology.princeton.edu/data.pgf.php) from ref. 35 . Mean growingseason PDSI was calculated for each grid cell in each year as the weighted mean of monthly PDSI, in which the weights are the number of days in a given month that were included in the growing season. 
Description of the US Forest Inventory and Analysis database.
Tree species composition and biomass in each grid cell were quantified from tree-level data reported in the US Forest Inventory Analysis (FIA) database (http://www.fia.fs.fed.us/), which reports the diameter at breast height (DBH) and species identity of individual trees in forest inventory plots that are geographically distributed to provide unbiased estimates of forest biomass and tree population attributes 11 . There is roughly one plot per 25 km 2 , and each plot samples an area of approximately 0.1 ha. Since FIA's national standardized design was implemented (nominally in the year 1999, although the exact year varies by US state), plots in the eastern USA have been remeasured roughly every 5 years as follows: trees with DBH ≥ 12.7 cm are inventoried on four 7.32-m radius subplots per plot, and trees with DBH between 2.54 and 12.7 cm are inventoried on four 2.07-m radius microplots per plot 11 . Prior to around 1999, sampling designs and remeasurement intervals varied among US states, but all state inventories aimed to yield unbiased population-level statistics 11 . Most eastern USA states were inventoried in both the 1980s and 2000s, although the same plot locations were not always resampled. Some states were also inventoried in the 1990s, but we focused our analysis on changes from the 1980s to 2000s owing to inconsistent data availability for the 1990s. We assigned each FIA plot to a 1° grid cell based on approximate plot coordinates reported by FIA. Errors in plot coordinates reported in the public FIA database (see details in ref. 36 ) should have minimal effect on our 1° grid-cell-scale analyses. Owing to frequent discontinuities in sampling designs and/or plot locations, it is often not possible to track the dynamics of individual plots between the pre-and post-1999 periods. Furthermore, the unique plot identifiers needed to connect plot records across these periods are not provided in the public FIA dataset. However, it is possible to track the dynamics of individual plots during the post-1999 period, and we used plots remeasured during this period to perform stand-level analyses (Supplementary Methods 4) .
All analyses presented in our paper are based on FIA plots in naturally regenerated (non-plantation) forest. However, many non-plantation forests in the USA are managed for timber or other wood products, with management regimes ranging from infrequent selective harvest to periodic clear-cutting. Our analyses account for stand-replacing disturbance (including intensive logging) by separately analysing different stand-age classes. Also, unless stated otherwise, our analyses minimized the effects of selective harvest by excluding data from FIA plot inventories where one or more harvested trees were reported. However, including selectively harvested plots and accounting for harvest effects does not qualitatively affect our results (Supplementary Methods 3 and Extended Data Fig. 6q) . Stand-age classes. To control for age-related changes in tree species composition and biomass, we controlled for changes in stand age in our grid-cell-scale analyses by comparing forest inventory plots in the 1980s to plots in the same grid cell and age class in the 2000s. We assigned each plot inventory to one of the following age classes based on stand ages reported by FIA (defined as the mean age of trees in the dominant size class (1980s to 2000s) . Therefore, plot locations that were measured in both decades were typically assigned to different age classes in the 1980s and 2000s; for example, a plot that was in the 40-60 year age-class in the 1980s was typically in the 60-80 year age-class in the 2000s. Thus, our grid-cell-scale analysis of change from the 1980s to 2000s involves the comparison of two largely independent samples (that is, two different sets of plots with similar mean age), which minimizes the potential for successional dynamics to influence the results. Grid-cell-scale analyses for a given age class included only those grid cells for which at least five FIA plots in both the 1980s and 2000s met our filtering criteria; for example, plots without recent selective harvest and where species with unknown DT comprised <20% of plot AGB (see 'Quantifying decadal changes in forest tree species composition'). Quantifying decadal changes in forest tree species composition. ) of individual i. To estimate AGB i , we combined DBH measurements reported by FIA with biomass allometries derived for USA tree species groups 38 to estimate the above-ground biomass (Mg) of tree i, which was then converted to Mg ha −1 units by multiplying biomass (Mg) by the number of trees per hectare (ha -1 ) represented by tree i. These ha -1 values are reported by FIA as trees per acre, which is the inverse of the sample area for tree i; for example, in the national standardized plot design 11 , the sample area for a tree with DBH ≥12.7 cm is the number of subplots per plot (four) × the subplot area (0.0168 ha). For each grid cell, the change in communitymean drought tolerance was then calculated as Δ = − DT DT DT 2000s 1980s . The DT index was unavailable for some eastern USA tree species (which accounted for 0.10% of the individuals in our analysis), and some individuals were identified only to the genus level in the FIA database (2.1% of individuals in our analysis). Individuals identified only to the genus level were split into expected contributions of different species as follows: if any congeneric individuals present in the same grid cell and age class (in either the 1980s or 2000s) were identified to species and belonged to a species with known DT, the 'trees per hectare' value (see above) of the genus-level individual was divided into different known-DT species in proportion to their relative abundances (based on AGB) in a given grid cell and age class (in the 1980s and 2000s combined). The above algorithm allowed us to assign DT values for most individuals with missing DT. We restricted our subsequent analyses to FIA plots for which individuals with unassigned DT (after splitting genus-level identifications to known-DT species as explained above) comprised less than 20% of plot AGB. The excluded plots accounted for only 0.24% and 0.16% of total plots in the 1980s and 2000s, respectively.
Similarly, we calculated community-mean shade tolerance (ST) and its change (ΔST) based on a species-specific shade-tolerance index (ST) from ref. 20, ranging from 1 (very intolerant) to 5 (very tolerant). As noted above, DT was unavailable for some species, and ST was unavailable for these same species. For individuals for which we replaced missing DT with assigned values, we also replaced missing ST using the same procedure as described above. We then calculated ST for each grid cell, age class and decade as = 1980s . To evaluate whether our main results depended on using AGB weights to calculate DT and ST, we repeated our analyses using basal-area weights (proportional to tree diameter squared), which yielded very similar results.
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Quantifying decadal changes in forest biomass. We estimated AGB (Mg ha −1 ) for individual trees as described in the previous section. We then summed these individual AGB values to estimate plot-level AGB (Mg ha −1 ) for each FIA plot, and we calculated average AGB across plots within each grid cell, decade and age class. The change in AGB density from the 1980s to 2000s was then calculated for each age class within each grid cell as ΔAGB = AGB 2000s − AGB 1980s . Quantifying the response of community-mean drought tolerance and biomass to climate variability using spatial regression models. We implemented SAR models for each age class (see subsection 'Stand-age classes') with the spautolm function in the 'spdep' package 32 in R (https://www.r-project.org). We used the following SAR model to quantify the response of community-mean drought tolerance (ΔDT) to climate variability (ΔPDSI) while controlling for changes in growing season length (ΔGSL) and community-mean shade-tolerance (ΔST): , in which W is the row-standardized n × n spatial weights matrix (based on inverse distances to the 8 neighbour grid cells); ε are spatially independent errors; and λ is the spatial autoregressive coefficient.
We used an analogous SAR model to quantify the response of above-ground biomass (ΔAGB) to climate variability (ΔPDSI) and shifts in community-mean drought tolerance (ΔDT):
in which a 0 is the intercept; a P , a D , a G and a S are the slopes associated with the corresponding predictors; and u is a vector of spatially autocorrelated errors as described above. We assumed linear forms for regression models because Pearson linear and Spearman rank correlations yielded very similar results for bivariate relationships among ΔDT, ΔAGB and ΔPDSI (Fig. 2) , and because partial regression plots from multiple regression models did not reveal strong or consistent nonlinearities. Partitioning variation in ΔDT and ΔAGB using structural equation modelling and independent effects analysis. To evaluate the robustness of our SAR model results (that is, the effects of ΔPDSI on ΔDT, and the effects of ΔPDSI and ΔDT on ΔAGB), we used two additional methods-SEM 33 and IEA 34 -to quantify relationships between response and predictor variables.
SEM is based on networks of hypothesized causal relationships among variables and is designed to disentangle potential causal pathways in multivariate datasets 33 . The SEM model structures we evaluated are illustrated in Extended Data Fig. 7a-c . We implemented SEM with the sem function in the 'lavaan' package 39 in R. IEA compares models fit with all possible contributions of predictor variables to quantify the contribution of each variable to goodness-of-fit 34 . For example, if the improvement of goodness-of-fit due to including a given variable x is always greater than the improvement due to including any other variable, then variable x would be identified by IEA as having the greatest contribution to explaining variance in the response variable. IEA was applied to non-spatial forms of the regression models described in the previous subsection using the hier.part function in the 'hier.part' package in R. Quantifying direct and indirect effects of ΔPDSI on ΔAGB and the amplifying effect of ΔDT. We used both SAR and SEM approach to quantify 'direct' effects of ΔPDSI on ΔAGB (for example, due to tree-level physiological processes) versus 'indirect' effects that occur because of changes in species composition. Direct and indirect effects are illustrated in Extended Data Fig. 8a, b . To quantify these effects in SAR analysis, we combined equations (1) and (2):
Thus, the total effect of ΔPDSI on ΔAGB is + ⋅ a a d P D P , the direct effect is a P (which is simply the partial regression coefficient for the effect of ΔPDSI on ΔAGB), and the indirect effect is ⋅ a d D P ; that is, the effect of ΔPDSI on ΔAGB due to the combined effects of ΔDT on ΔAGB (a D ) and ΔPDSI on ΔDT (d P ). Terms for growing season length (ΔGSL) and community-mean shade tolerance (ΔST) are omitted from equation (3) because we control for these sources of vari ation here by setting ΔGSL = ΔST = 0 to isolate the effects of ΔPDSI and ΔDT. We also omit the error terms, as we rely on the previously fit SAR models (equations (1) and (2)) for our analysis of equation (3).
The estimated effect of ΔDT on the slope of ΔAGB versus ΔPDSI is amplifying (rather than moderating) because estimates for a D and d P are both negative (Extended Data Fig. 8c ). Thus, their product is positive, which increases the steepness of the ΔAGB versus ΔPDSI slope (equation (3) (2)); and estimates of d P and their standard errors (d P and σ dP ) are available from the SAR model for ΔDT (equation (1)). P values from this first approach are reported in Fig. 3 . The second approach yielded very similar P values and involved error propagation using Monte Carlo simulations, in which we sampled from the approximately multivariatenormal parameter distributions from the two separate models (equations (1) and (2) results (c, d) , which show that the response of forest biomass to ΔPDSI is amplified by indirect effects; for example, if water availability decreases (ΔPDSI < 0), then biomass decreases owing to direct effects (for example, physiological tree-level responses) as well as indirect effects (shifts in species composition towards more drought-tolerant but lower-biomass species). c, Slopes and P values from SAR models (equations (1) and (2)) for different stand-age classes (1° grid-cell-scale results, as in Extended Data  Fig. 4b, c) . Slopes are partial regression coefficients, so the slope labelled 'response of AGB to ΔPDSI' is the direct effect of ΔPDSI on ΔAGB (controlling for ΔDT and other covariates), and the indirect effect is estimated by the product of the other two slopes (see Methods). d, Direct and indirect effects of ΔPDSI on AGB estimated from SEM (Extended Data Fig. 7c ) and SAR models (see Methods). Sample sizes in these analyses (number of grid cells) are: 171, 247, 271, 271, and 193 for age classes from 0-20 to 80-100, respectively (as shown in Extended Data Life Sciences Reporting Summary Nature Research wishes to improve the reproducibility of the work that we publish. This form is intended for publication with all accepted life science papers and provides structure for consistency and transparency in reporting. Every life science submission will use this form; some list items might not apply to an individual manuscript, but all fields must be completed for clarity. 
Data exclusions
Describe any data exclusions.
Described in Methods (3rd and 4th subsections) and Supplementary Methods 4 (Paragraph 2) about the criteria of sample filtering.
Replication
Describe the measures taken to verify the reproducibility of the experimental findings.
We used a couple of approaches to examine the robustness of our major findings from different perspectives (e.g., Methods 8th subsection and Supplementary Methods 3-4). All these analyses provided some independent support to our main results.
Randomization
Describe how samples/organisms/participants were allocated into experimental groups. N/A. To control for age-related changes in tree species composition and biomass, we controlled for changes in stand age in our grid-cell-scale analyses by comparing forest inventory plots in the same age class in the two decades. All qualified samples are included and no randomization is needed in our study.
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